ABSTRACT
INTRODUCTION

45
The use of type II restriction enzymes to obtain reduced representation libraries from nuclear 46 genomes, combined with the power of next-generation sequencing technologies, is rapidly becoming one of the most-used commonly strategies to generate genome-wide genotypic and sequence data in both 103 deviations across the eukaryotic tree of life remains unknown. Better models to calculate restriction 104 recognition-sequence probabilities across taxonomic groups are needed to improve the accuracy of 105 predictions of cleavage site frequencies in species without sequenced genomes. These models could be 106 applied using non-genomic datasets (e.g., transcriptomes) to obtain recognition-sequence probability 107 estimates, thus aiding the applicability of RAD-seq methods in non-model organisms.
109
Eukaryotic genomes have heterogeneous compositions with characteristic signatures at the level
110
of di-and trinucleotides that are largely independent of coding status or function (Karlin & Mrázek 1997;  111 Karlin et al. 1998; Gentles & Karlin 2001 ). Thus, it is possible that genome composition at these levels 112 has a large influence on the abundance of short sequence patterns, such as recognition sequences of 113 restriction enzymes. Models incorporating the information from these genomic compositional signatures
114
should improve the accuracy of restriction recognition-sequence probability calculations.
116
Here we performed systematic in silico genome-wide surveys of genome compositions and 
121
compositions to calculate probabilities of recognition sequences across taxa; and (4) evaluate the 122 applicability of these models to species for which only non-genomic data is available (i.e., not whole or 123 draft genome assemblies), such as transcriptomes or restriction-site associated DNA sequence data. The
124
PredRAD analytical pipeline developed in this study (https://github.com/phrh/PredRAD), and the 125 resulting databases constitute a valuable reference resource that will help guide restriction enzyme choice 126 infuture studies using broadly applicable RAD-related methods.
128
RESULTS
130
Frequencies of recognition sequences are highly variable across taxa
131
To characterize cleavage site frequencies across the Eukaryotic tree of life, we surveyed 132 restriction recognition-sequences for 18 commonly used palindromic type II restriction enzymes in 434 133 whole and draft genomes. Observed relative frequencies of recognition sequences were highly variable 134 among broad taxonomic groups for the set of restriction enzymes here examined (Table 1) 
144
RS/Mb ± 25.1 were observed in Neopterigii vertebrates for KpnI (GGTACC) and 622.6 RS/Mb ±119.1 145
were observed for PstI (CTGCAG), both recognition sequences with the same GC content (66.7%).
147
Genome sizes can be predicted from particular recognition-sequence frequencies
148
To explore the potential for predicting genome sizes from restriction recognition-sequence 149 frequency data, we modeled their relationship using data from the 434 genomes and 18 restriction 
153
Predicted genome sizes, calculated using the linear models with estimated beta parameters for these five 154 enzymes (Table 2) 
157
Genome composition-based models outperform traditional GC content-based models
158
To generate better models for cleavage site frequency calculation in species without sequenced 159 genomes, we developed stochastic models based on the GC content of each genome, as well as the 160 mononucleotide, dinucleotide and trinucleotide compositions to predict the expected frequency of 161 recognition sequences for each restriction enzyme. We evaluated the fit of each model by comparing the 162 in silico observed frequencies of cleavage sites to the expected frequencies predicted by the models using 
173
was highly variable among broad taxonomic groups but generally similar within, e.g., in Neopterigii
174
vertebrates an average SI of 0.14 ± 0.19 for AgeI with the dinucleotide model, compared to -0.31 ± 0.19 175 in Sarcopterigii.
177
Recognition-sequence probability can be calculated from non-genomic datasets 178 
196
We also calculated recognition-sequence probabilities using parameters estimated from the in 
209
Figure 2), although in some cases (e.g. PstI and SbfI) they showed a marked decrease followed by an 210 increase at higher representation proportions.
212
Predicted frequencies of cleavage sites (absolute number of cleavage sites), obtained by 213 multiplying known genome sizes with the probabilities calculated using composition models, were 214 remarkably similar to the observed frequencies of cleavage sites in whole and draft genome datasets when 215 the model parameters were estimated from transcriptome datasets, or from RAD-seq datasets generated 
246
PciI), the observed frequencies of recognition sequences in eukaryotic genomes are consistent with the 247 idea that they behave neutrally, evolutionary speaking, and therefore can be readily used as parameters in 248 linear models to estimate genome sizes (Figures 1 and 2 ). In contrast, the observed frequencies of 
279
It is not surprising that the fit of the predictions made by the models is highly variable across 280 taxonomic groups, given the high heterogeneity observed in the genetic composition patterns across the 281 eukaryotic tree of life (Appendix I). We conclude that the predictability of cleavage site frequencies in 282 eukaryotic genomes needs to be treated on a case-specific basis, whereby the phylogenetic position of the 283 taxon of interest, its genome size, and the probability of the recognition sequence of the selected 284 restriction enzyme are the chief foci among the most determinant factors.
286
The remarkable similarity between probabilities calculated using parameters estimated from non- 
305
Applications to study design with RAD-seq and related methodologies
306
For the design of a study using RAD-seq, or a related methodology, there are two fundamental 
313
In a best-case scenario for the practical design of a study using RAD-seq, or a related 314 methodology, the species of interest is already included in the database presented here. In this case, the 
331
In the scenario that the genome sequence of the species of interest is not available, the genome 332 size and restriction recognition-sequence probability for the enzyme(s) of interest can be estimated to 333 obtain an approximation of recognition-sequence frequencies (absolute numbers). Our observations 334 demonstrate that a genome-size range can be estimated by applying linear regression models to the 335 number of markers obtained in an empirical RAD-seq experiment using a restriction enzyme targeting a
336
'neutral' recognition sequence (e.g., EcoRI, NsilI, NspI, PciI; we advise caution using 4-cutter enzymes 337 as in some taxa they can have cleavage frequencies that may effectively lead to sequencing the whole 
347
'gold standard' sets of enzymes for groups of taxa, with the goal of obtaining 'neutral' RAD-seq datasets.
349
Although genome size and the relative frequency (probability) of restriction recognition In this study, we performed systematic in silico genome-wide surveys of genome compositions 363 and recognition sequences, for diverse and commonly used type II restriction enzymes across the 364 eukaryotic tree of life. Our observations reveal that recognition-sequence frequencies for a given 365 restriction enzyme are strikingly variable among broad eukaryotic taxonomic groups, being largely 366 determined by phylogenetic relatedness. We demonstrate that genome sizes can be predicted from 367 cleavage frequency data obtained with restriction enzymes targeting 'neutral' recognition sequences.
368
Stochastic models based on genomic compositions are also effective tools to accurately calculate 369 probabilities of recognition sequences across taxa, and can be applied to species for which reduced-370 representation genomic data is available (including transcriptomes and 'neutral' RAD-seq datasets). The 371 results from this study and the software developed from it will help guide the design of any study using 372 RAD sequencing and related methods. As more genome assemblies become available in underrepresented 373 taxonomic groups, the patterns of compositional biases and restriction site frequencies across the 374 eukaryotic tree of life will become clearer and will improve our understanding of genome evolution.
376 377
MATERIALS & METHODS 378 379
Observed restriction recognition-sequence frequencies 
393
Recovery of restriction-site associated DNA tags
394
The number of cleavage sites in a genome is not the only factor that determines the number of (1)
Where x is the number of restriction recognition-sequences in the genome, and β 0 and β 1 are the estimated 419 parameters. Table 2 provides the estimated values of β 0 and β 1 for each restriction enzyme.
421
Restriction recognition-sequence probability calculation
422
To test the hypothesis that compositional heterogeneity in eukaryotic genomes can determine the 423 frequency of cleavage sites of each genome, we characterized the GC content, as well as the 424 mononucleotide, dinucleotide and trinucleotide compositions of each genome and developed probability 425 models to predict the expected frequency of recognition sequences for each restriction enzyme. GC 426 content was calculated as the proportion of unambiguous nucleotides in the assembly that are either guanine or cytosine, assuming that the frequency of guanine is equal to the frequency of cytosine.
428
Mononucleotide composition was determined as the frequency of each one of the four nucleotides.
429
Dinucleotide and trinucleotide compositions were determined as the frequency of each one of the 16 or 64 430 possible nucleotide combinations, respectively.
432
Mononucleotide and GC content sequence models were used to estimate the probability of a 
445
Dinucleotide and trinucleotide sequence models (3) were defined as first and second degree
446
Markov chain transition probability models with 16 or 64 parameters, respectively ;
447
Singh 2009). These models take into account the position of each nucleotide in the recognition sequence.
448
Nucleotides along the recognition sequence are not independent from nucleotides in neighboring
449
positions. The probability of a particular recognition sequence for these Markov chain models was 450 calculated as:
451 452
454
Where ! is the probability at the first position on the recognition sequence and ! is the 455 conditional probability of a subsequent nucleotide on the recognition sequence depending on the previous 456 n nucleotides. In the dinucleotide sequence model = 1 and in the trinucleotide sequence models = 2.
458
Genomic resources are unavailable for most species. Table 2 ). We also used the data from the in silico RAD sequencing experiments (described above) as 465 reduced representation datasets for these species. We estimated genome composition parameters from 466 transcriptome and RAD-seq datasets, and calculated recognition-sequence probabilities using the models.
468
Expectations versus observations
469
To assess the effectiveness of the predictive recognition sequence models, we compared the 
478
To measure the overall similarity between the restriction recognition-sequence probabilities 479 calculated using known composition parameters from the genome and those calculated using estimated 480 composition parameters from reduced-representation transcriptome and genome datasets, we calculated 481 the mean squared error (MSE) per species.
482 483
Where !! ! is the probability of a restriction recognition-sequence (of an enzyme i) calculated 486 using composition parameters estimated from reduced-representation datasets, !" ! is probability of a 487 restriction recognition-sequence calculated using known composition parameters from genome datasets.
488
Each enzyme was assigned an arbitrary number from 1 to 18 (n). When MSE=0 the probabilities are
489
identical. MSE value increases as similarity decreases.
491
Location of recognition sequences in mammalian genomes
492
To evaluate the possibility that recognition-sequence frequency patterns inconsistent with 493 evolutionary neutrality occurred in genomic areas subject to natural selection, we investigated the 
504
The analytical software pipeline here described (PredRAD), visualization scripts, and output database 505 files are publicly available at https://github.com/phrh/PredRAD.
507
SUPPLEMENTARY MATERIAL
509
Supplementary figures 1-9, and tables 1 and 2 are available as supplementary material. 
APPENDIX I 531 532
Genomic composition patterns across the eukaryotic tree of life
534
The odds ratios proposed by Burge et al. (1992) were used to estimate compositional biases of 535 dinucleotides (5) and trinucleotides (6) across genomes.
536 537
Where ! * is the relative frequency of the mononucleotide X, !" * is the relative frequency of the 
547
Our surveys of whole and draft genome sequence assemblies indicate that there are significant vertebrates ( !" * =0.32 ± 0.12), the Pucciniales rust fungi ( !" * =0.66 ± 0.08), gastropod mollusks 568
* =0.68, SD=0.01), the Trebouxiophyceae green algae ( !" * =0.61 ± 0.19) and the Saccharomycetales 569 yeast ( !" * =0.78 ± 0.17). CG was significantly overrepresented in groups like the Apocrita insects 570
( !" * =1.59 ± 0.18). The complementary dinucleotide GC was not particularly underrepresented in any 571 broad taxonomic group, but tended towards overrepresentation in ecdysozoan invertebrates ( !" * =1.24 ± 572 0.12), being significant in several arthropod and nematode species. Other taxa that showed significant 573 overrepresentation of GC dinucleotides included the Trebouxiophyceae ( !" * =1.39 ± 0.04) and 574 microsporidia fungi ( !" * =1.28 ± 0.17). Relative abundances of the dinucleotide AT were within 575 expectations for all eukaryotes, except for the fungus Sporobolomyces roseus ( !" * =0.78). Contrastingly,
576
the TA dinucleotide tended towards underrepresentation throughout the eukaryotes ( !" * =0.8 ± 0.13), 577 except in a few hypocreomycetid fungal species, for which it was significantly underrepresented. The TA 578 dinucleotide was significantly underrepresented in trypanosomatids ( !" * =0.59 ± 0.03), choanoflagellids 579 ( !" * =0.43 ± 0.09), chlorophytes ( !" * =0.62 ± 0.15), stramenopiles ( !" * =0.70 ± 0.07), and marginally 580 underrepresented in most euteleostei fish ( !" * =0.77 ± 0.04), archosaurs ( !" * =0.76 ± 0.03) and the 581 Basidiomycota ( !" * =0.74 ± 0.09), among others.
583
The remaining dinucleotides had identical relative frequencies between the members of each 584 complementary pair. The dinucleotide pair GG/CC was marginally underrepresented in most eukaryotes
585
( !" * =0.88 ± 0.15). In the Sarcopterygii vertebrates ( !" * =1.02 ± 0.06) and embryophyte plants ( !" * =1.03 586 ± 0.07) GG/CC relative frequencies closely conformed to expectation, whereby GG/CC was significantly 587 overrepresented in handful of isolated ecdysozoan, microsporidia and alveolate species, and significantly gnathostomates ( !" * =1.31 ± 0.05), gastropods ( !" * =1.29 ± 0.05), the Pucciniales ( !" * =1.27 ± 0.02), the 595 Trebouxiophyceae ( !" * =1.62 ± 0.14), as well as several species of core eudicots and the 596
Saccharomycetales. Other groups with significant CA/TG overrepresentation include onchocercid 597 nematodes ( !" * =1.26 ± 0.01), the Ustilaginomycotina fungi ( !" * =1.28 ± 0.05), trypanosomatids 598 ( !" * =1.25 ± 0.04), and amoebozoans ( !" * =1.33 ± 0.06). Overrepresentation biases for the AG/CT 599 dinucleotide pair were only present in amniotes ( !" * =1.26 ± 0.02), the Sporidiobolales fungi ( !" * =1.24 ± 600 0.01), and oxytrichid alveolates ( !" * =1.24 ± 0.04), and other isolated species. Most of these taxa also had 601 large CG underrepresentation. Lastly, most eukaryotes had GA/TC relative frequencies that conformed to 602 expectations, except for few scattered species and small groups such as the Microbotryomycetes fungi
603
( !" * =1.45 ± 0.13), the Mamiellales green algae ( !" * =1.40 ± 0.08), and the Eimeriorina alveolates 604 ( !" * =1.26 ± 0.02).
606
Biases in most of these dinucleotides are likely linked to important biological processes. Notably the 607 underrepresented dinucleotide CG is a widely known target for methylation related to transcriptional 608 regulation (Bird 1980 ) and retrotransposon inactivation (Yoder et al. 1997 ) in vertebrates and eudicots.
609
The corresponding overrepresentation of AG/CT fits the classic model of "methylation-deamination- 
632
The largest and more widespread overrepresentation biases were for the trinucleotide pair AAA/TTT, 633 being significant in most eukaryotes, except for the majority of the Dikarya fungi ( !"# * =1.18 ± 0.07). 634
The trinucleotide pairs TAA/TTA and AAT/ATT were significantly overrepresented in many metazoan 
